Introduction {#sec1-1}
============

An electrocardiogram (ECG) is a graphical representation of the electrical current generated by the depolarization and repolarization of heart muscles. ECG analysis can provide useful information about the condition of the heart. Each cardiac cycle in an ECG signal consists of P-QRS-T waves with varying time duration and amplitudes. Therefore, a good understanding of the time intervals and amplitudes defined by ECG waves can provide useful clinical information ([@ref1]).

The analysis of ECG signals has been widely used for diagnosing many cardiac diseases. Music has been established to have a significant effect on cardiac electrical activity ([@ref2]). Since 1918, some studies were conducted to investigate the effects of music on the heart rate and cardiovascular system ([@ref3]). The effects of music on anxiety, pain, stress, depressive syndromes, and sleeplessness have been investigated ([@ref4], [@ref5]). It is claimed that patients benefited the most from listening to classical music, which could decrease the blood pressure and heart rate. Iwanaga et al. ([@ref6]) evaluated the effects of music in patients' anxiety levels before surgery. It has been shown that the blood pressure and heart rate are significantly reduced in these patients. Goshvarpour et al. ([@ref7]) employed time, frequency, and nonlinear features such as the mean, power spectrum, and Lyapunov exponent for classifying the heart rate signals in healthy young college students during rest and while listening to music. They showed that mean heart rate signals decreased in women when listening to music and increased in men. Do Amaral et al. ([@ref8]) investigated the acute effects of musical auditory stimulation on cardiac autonomic function. Their results showed that heavy-metal and baroque musical auditory stimulation at lower intensities significantly decreased heart global function, whereas heavy-metal music decreased heart rate variability at higher intensities.

Examining statistical features such as the mean and variance are some common methods for analyzing ECG signals. In this research, a new analysis method proposed for quantifying differences between ECG heartbeats before and while listening to music. As ECG signals have semi-periodic patterns, in this study, wavelet analysis was applied to observe the effects of traditional Persian music on ECG signals ([@ref9]).

The present study is organized as follows: in the second section, the ECG dataset collected from a group of young women before and while listening to music is briefly described. In the third section, wavelet-based and morphological features are developed. Next, the results and comparisons between ECG heartbeats before and while listening to music are presented. Finally, the discussion and conclusions are described.

Method {#sec1-2}
======

Data collection {#sec2-1}
---------------

It is well established that women show more emotional reactions than men in response to music ([@ref10]). In this study, 22 healthy female students voluntarily participated. The age range of the subjects was 20--24 years. All participants were students and had no previous history of neurological diseases. ECG signals were recorded under two different conditions from each subject. Initially, the participants were asked to lie in the supine position comfortably and close their eyes for five minutes. Then, five minutes of traditional Persian music was played for the participants at a comfortable volume. The ECGs - lead II- were recorded by a 16-channel PowerLab system (AD Instruments, Bella Vista, NSW, Australia) at a sampling rate of 400 Hz. A digital notch filter was used to remove the 50 Hz power-line interference from the ECG signal ([@ref11]). All subjects provided written informed consent prior to study participation.

Discrete wavelet transform {#sec2-2}
--------------------------

Discrete wavelet transform (DWT) is a powerful technique in signal processing tasks. It has been widely used for analyzing different physiological signals such as electromyograms and electroencephalograms. DWT decomposes a signal into wavelet coefficients. It convolves the signal with a low-pass filter and high-pass filter for obtaining approximation coefficients and detail coefficients, respectively. As ECG signals consist of a large number of data points, their processing is difficult. Therefore, in the present study, DWT compressed ECG signals into a small number of parameters. DWT can be defined as follows:
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where f represents the mother wavelet, which is dilated by integers m and translated by integers n. The selection of an appropriate wavelet function and the number of decomposition levels play an important role in analyzing ECG signals using DWT. Wavelet families include Haar, Meyer, Morlet, Daubechies, and Gaussian wavelets. There is no special method for selecting a certain wavelet. Choosing a wavelet family, which closely matches the signal to be processed, play an important role in wavelet applications ([@ref12]). As shown in [Figure 1](#F1){ref-type="fig"}, the Daubechies wavelet family is similar in shape to the QRS complex.

![Daubechies wavelet family](AJC-17-398-g002){#F1}

In this study, the Daubechies wavelet of order 6 was used for decomposing ECG signals of order 5. Wavelet coefficients were calculated. [Figure 2](#F2){ref-type="fig"} represents the basic multiresolution decomposition steps for the "original signal."
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Preprocessing de-noising {#sec2-3}
------------------------

An ECG is often contaminated by noises of different kinds. These noises are usually generated by recording instruments or the movement of subjects. In the current study, db6 was employed for removing various kinds of noises from ECG signals 29. The proposed de-noising algorithm can be summarized as follows:

ECG signals were decomposed at level eight using db6.The soft thresholding technique was employed for the quantization of detail wavelet coefficients on each level.ECG signals were reconstructed using approximation wavelet coefficients of the last level N and de-noised detail wavelet coefficients of all levels.

Baseline shifting removing {#sec2-4}
--------------------------

Baseline wandering is a noise artifact that strongly affects ECG signal analysis 30. Electrode and respiration impedance changes due to perspiration play an important role in generating baseline wander. By removing baseline wander, we can minimize changes in beat morphology. Normally, the frequency content of baseline wander is concentrated in very low frequencies. In the present study, median filters were applied to minimize the influence of baseline drift. The proposed process consists of two steps. In the first step, the original ECG signal is smoothed with a moving average filter of length 150. In the second step, the filtered signal is subtracted from the "signal + baseline drift noise" signal and a signal with baseline drift elimination is obtained.

Peak detection {#sec2-5}
--------------

The accurate detection of ECG peaks plays an important role in ECG signal analysis because a lot of clinical information can be derived from amplitudes and intervals defined by P, Q, R, S, and T peaks 31. In the present study, DWT was used to detect the position of the occurrence of the P-QRS-T waves. The proposed algorithm consists of five important steps. In the first step, ECG signals were decomposed at level 8 using db6. In the second step, details between level 3 and level 5 were kept and the rest were removed. Attained signal samples were then squared to stress the signal. Then, an R wave was detected using automatic thresholding techniques. In the third step, all details down to level 5 were removed. Then, the ECG signal was reconstructed. ECG signals were reconstructed, and the minimum signal about each R peak within 0.1 s was registered as Q and S waves. In the fourth step, details between level 1 and level 5 were kept and the rest were removed; two zero crossing points of the signal were determined. Finally, for the detection of the P and T waves, only details between level 4 and level 8 were kept and the rest were removed ([Figure 3](#F3){ref-type="fig"}).
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Feature extraction {#sec2-6}
------------------

This study focused on two types of features, "morphological features of ECG signals" and "wavelet coefficient-based features," to investigate cardiac autonomic functioning during rest and while listening to music. Unfortunately, applying wavelet coefficients to neural networks will increase the hidden layer, which has a negative effect on network operation. Therefore, statistical feature vectors were used instead of high-dimensional wavelet coefficients. Finally, the following statistical features were selected to exhibit the general behavior of the time--frequency energy distribution of the ECG waveform:

The average of the absolute values of approximation wavelet coefficients at any sub-band.The standard deviation (SD) of approximation wavelet coefficients at each level.The average of the absolute values of detail wavelet coefficients at any sub-band.The SD of detail wavelet coefficients at each level.

Beside wavelet coefficient-based features, morphological features were extracted from ECG signals. The selected morphological features are mean and SD values of RR intervals, PT intervals, PR intervals, TT intervals, ST intervals, QT intervals, and PP intervals and maximum and mean values of P, Q, R, S, and T peaks. Using all these features is not suitable for classifications; therefore, final features are accordingly selected to provide the best diagnostic accuracy.

Morphological and wavelet-based features have different quantities. Therefore, normalization is applied to standardize feature vectors to the same range. This process permits the neural network to analysis each feature vector as they originate from the same underlying dynamic system ([@ref13]).

Probabilistic neural network {#sec2-7}
----------------------------

A probabilistic neural network (PNN) is a set of artificial neurons connected together in a manner similar to feedforward neural networks. The architecture of a PNN consists of four layers: the input layer, pattern layer, summation layer, and output layer. Pattern neurons are divided into K groups, one for each class. The output of i-th pattern neuron in the k-th group can be expressed by the following equations:
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where X~k,\ i~ represents the center of the kernel and s (spread parameter) determines the size of the receptive field of the kernel. Each summation neuron receives inputs from one class. The output of the k-th summation neuron can be computed as follows:
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where M~k~ represents the number of pattern neurons in class k. Note that w is a positive coefficient.

Finally, feature vector x classify to belong to the class that corresponds to the summation neuron with the greatest output.

Artificial neural network {#sec2-8}
-------------------------

An artificial neural network (ANN) is a set of artificial neurons arranged similar to the pattern of natural neurons. ANN is an effective tool for pattern recognition, classification, image processing, and financial modeling ([@ref14]). The advantages of ANNs are due to the parallel processing and the attempt to mimic the huge computational capacity of the human nervous system.

In the present study, the designed neural network consists of three layers, interconnected by proper weights. The layer of input neurons receives feature vectors. In addition, each hidden neuron computes the weighted sum of its inputs and delivers them to an activation function. Output neurons are used for the classification of pattern classes.

In the present study, the performance of the proposed algorithm was measured in terms of sensitivity (SE), accuracy (AC), and specificity (SP). These metrics can be written as follows:
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where TP, TN, FN, and FP represent the number of true positive samples, true negative samples, false negative samples, and false positive samples, respectively.

Results {#sec1-3}
=======

For studying the effects of music on cardiac functioning, we focused on wavelet coefficient-based and morphological features of ECG signals. ECG signals in the time domain were similar semi-periodic signals that have no significant difference in two classes: before and while listening to music. [Table 1](#T1){ref-type="table"} shows the mean and SD values of the approximate coefficients of ECG signals for the same subject. The mean values of approximate coefficients decreased while listening to music. Beside wavelet coefficient-based features, morphological features were also extracted from an ECG signal. [Table 2](#T2){ref-type="table"} represents the mean and SD values of RR, PR, PT, TT, and TR intervals. SD values of morphological features decreased while listening to music music. In contrast, the mean values of the same features increased while listening to music.

###### 

Approximate coefficients statics before and while listening to music

  Parameters   While listening to music   Before listening to music
  ------------ -------------------------- ---------------------------
  A1           0.08686±0.00786            0.19244±0.08499
  A2           0.08685±0.00780            0.19214±0.08498
  A3           0.08612±0.00788            0.19186±0.08480
  A4           0.08010±0.00787            0.19650±0.08106
  A5           0.07159±0.00788            0.19424±0.0729

Data are given as mean±SD. A1 - 1^st^ approximation wavelet coefficient; A2 - 2^nd^ approximation wavelet coefficient; A3 - 3^rd^ approximation wavelet coefficient; A4 - 4^th^ approximation wavelet coefficient; A5 - 5^th^ approximation wavelet coefficient; SD - standard deviation

###### 

SD and mean values of extracted morphological features

  Parameters   Music         Rest
  ------------ ------------- -------------
  RR           0.786±0.073   0.767±0.080
  PT           0.451±0.075   0.443±0.081
  TT           0.754±0.101   0.747±0.113
  ST           0.184±0.045   0.180±0.049
  QT           0.261±0.054   0.251±0.059

Data are given as mean (second)±SD. RR - R-peak to R-peak interval; SD - standard deviation; ST - S-peak to T-peak interval; TT - T-peak to T-peak interval; QT - Q-peak to T-peak interval; PT - P-peak to T-peak interval

For each ECG signal, 20 morphological and wavelet-based features were selected. These features were fed into classifiers. Seventy percent of the features were randomly chosen as the training data set, and the remaining features were used as the test data set. The results show that using 10 and 6 neurons in the hidden layer, relatively higher classification rates can be achieved with PNN and ANN, respectively. To classify ECG signals during rest and while listening to music, two neurons were employed in the output layer. Considering sensitivity, specificity, and accuracy, the PNN classifier outperformed the ANN classifier. The overall sensitivity of the PNN classifier was approximately 14 % higher than that of the ANN classifier. In addition, the specificity of PNN increased by nearly 5% more than that of ANN. Hence, the overall accuracy of the PNN classifier increased by 10% more than that of the ANN classifier. The performances of the designed classifiers are displayed in [Table 3](#T3){ref-type="table"}.

###### 

Accuracy, sensitivity, and specificity of the ANN and PNN classifiers for train and test data sets

                Test   Train        
  ------------- ------ ------- ---- -----
  Accuracy      84     93      88   97
  Sensitivity   81     95      86   100
  Specificity   86     90      90   95

Data are given as %. ANN - artificial neural network; PNN - probabilistic neural network

Discussion {#sec1-4}
==========

Listening to music is a complex phenomenon, which consists of neurological, psychological, emotional, and cardiovascular fluctuations, with behavioral modifications of breathing. Previous studies have indicated that music has a significant effect on the heart rate, blood pressure, and skin conductance ([@ref15]). These effects have been examined for different kinds of music such as delicate, harmonic, and romantic. However, different findings have been revealed over time regarding physiological responses while listening to music. De Jong et al. ([@ref16]) showed that music can decrease heart rate and blood pressure, while Scheugfele et al. ([@ref17]) claimed that listening to music has no effect on the heart rate or blood pressure. It seems that the main cause of this difference is the autonomic nervous system response induced by music. Therefore, a more quantified understanding of the autonomous control of cardiovascular functions can be obtained by investigating the physiological effect of listening to music. Direct visual monitoring of ECGs by personnel is a time-consuming process and usually involves the loss of information. To handle this problem, computer-based systems have been developed for detecting ECG characteristic points. Usually, the time-domain analysis of an ECG signal provides us some useful information, but some studies have reported that using frequency analysis can be advantageous in processing an ECG signal. However, an important drawback of this FFT is that the all-time resolution is lost. Short-time Fourier analysis has been proposed for overcoming this limitation: by windowing the area of interest. The main weakness of this technique is that its frequency precision is unacceptable ([@ref18]). Therefore, in the present study, ECG signals were characterized while listening to music using DWT. DWT is an effective tool for the analysis of non-stationary signals such as an ECG. Furthermore, it has been established that applying DWT to ECG signals can be helpful in detecting clinically significant features that may be missed by other analysis techniques ([@ref19]--[@ref21]). Besides wavelet-based coefficient features, morphological features were also extracted from ECG signals. The reason behind using morphological and wavelet coefficient-based features is that some studies have reported their ability in the investigation of cardiac autonomic function ([@ref22]).

[Table 2](#T2){ref-type="table"} provides the mean and SD values of extracted morphological features. SD values decreased more while listening to music that at rest. These results are not in line with those found by Knight et al. ([@ref23]) who found that there were no significant differences between heart rate variability before and after listening to music.

According to the results of the time--frequency analysis, the main frequency components of ECG signals were focused in low frequencies (approximation wavelet coefficients) during rest. In contrast, the main frequency components of ECG signals of the participants were distributed in different frequency ranges (approximation and detail wavelet coefficients) while listening to music. These results are consistent with those found by Goshvarpour et al. ([@ref7]) who found that low-frequency components of heart rate signals in women decreased while listening to music.

After studying wavelet coefficient-based and morphological features, we focused on quantifying the differences between ECG signals before and while listening to music. The collected data were separated into two data sets: train and test. The extracted features were fed into ANN and PNN classifiers. In total, the ANN achieved an accuracy of 88%, while PNN achieved an accuracy of 97%. It seems that the good classification results of PNN are due to its architecture, which closely resembles that of extracted features.

Study limitations {#sec2-9}
-----------------

The results of this study should be interpreted with caution. The present study investigated the effect of traditional Persian music on ECG signals in young women. However, it should be noted that the physiological effects of different music types on different people are different.

Conclusion {#sec1-5}
==========

It has shown that before and while listening to music, there is a significant difference between extracted features from heart rate signals, which confirms that music alters ECG signals in young women. However, further studies need to focus on other methods that can characterize the behavior of heart rate signals while listening to different kinds of music.
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